Introduction
Sleep disorders are common and have been correlated with a number of cardiovascular diseases, stroke and mental health disturbances. The societal and financial costs of such disorders are consequent. In particular, one of the most common and under-diagnosed sleep disorder is obstructive sleep apnoea (OSA). The prevalence of OSA was estimated to represent 2% to 7% of the adult population globally (1; 2; 3; 4; 5; 6; 7) and a recent study even suggested that the prevalence could be over 30% of the general adult population (8) . It is estimated that 90% of the individuals with the condition stay undiagnosed and untreated (9) . OSA is characterised by breathing cessation (called apnoea) and periods of overly shallow breathing (called hypopnea). These are due to the partial or complete obstruction of the airway. In a recent review (10) the different signals used in the diagnosis of OSA during polysonmography (PSG) were thoroughly reviewed. The present paper focuses on the sleep questionnaires used as a tool for OSA screening.
Sleep apnoea is associated with hypertension, cerebrovascular disease, myocardial infarction, diabetes and long-term cognitive impairment (11; 12; 13; 14) . In addition, a recent study showed that identification and treatment of sleep disorder breathing (SDB) in admitted patients with chronic heart failure with SDB was associated with reduced readmissions over 6 months after discharge (15) .
Sleep questionnaires are often used to screen for OSA (16) . The common questionnaires are the Epworth Sleepiness Scale (ESS) (17) , the Berlin Questionnaire (BQ) (18) or the STOP BANG questionnaire (19) . The ESS questionnaire aims to rate the likelihood of falling asleep i.e. daytime sleepiness: eight questions are scored between 0-3 making a total score out of 24. The higher the score the more daytime sleepiness. Typically, ESS < 11, ESS ∈ [11; 14] , ESS ∈ [15; 18] and ESS > 18 are classified as normal, mild subjective daytime sleepiness, moderate subjective daytime sleepiness and severe subjective daytime sleepiness respectively (20) . The correlation between ESS and OSA severity has demonstrated to be relatively weak (21) . The BQ consists of a series of ten questions related to: snoring, breathing cessation, tiredness and blood pres-sure. Ahmadi et al. (22) assessed the BQ on 130 patients from a sleep clinic and reported 62% sensitivity (Se) and 43% specificity (Sp) at the respiratory disturbance index (RDI 1) > 10. Their conclusion was that the BQ was not an appropriate instrument for identifying patients with sleep apnoea in a sleep clinic population. The STOP-BANG questionnaire consists of eight questions related to: snoring, tiredness, breathing cessation, blood pressure, body mass index, age, neck size and gender. Thus a series of eight Yes/No questions which total provides a score. A score greater than or equal to three means that there is a high risk of OSA and a score less than three will mean a low risk of OSA. Chung et al. (19) (23) assessed the three questionnaires on 234 patients referred to a sleep clinic. Although their dataset was unbalanced (87.1% of the population had OSA) the results confirmed the rather low specificity of these questionnaires: The STOP-BANG gave Se = 97.55%, Sp = 26.32%, P P V = 93.43%, NP V = 50%; The BQ gave: Se = 95.07% , Sp = 25%, P P V = 92.79%, NP V = 33.33%; The ESS gave: Se = 72.55%, Sp = 75%, P P V = 96.73%, NP V = 21.13%. The threshold for diagnosing OSA was set at an AHI ≥ 5. These statistics highlight the tendency of these questionnaire to 'overdiagnose' OSA. We noted that the classes (no OSA -OSA) are often unbalanced in these studies.
The sleep questionnaires used in the context of OSA screening have been assessed in a number of studies which highlighted their merit and limitations (19; 22; 23; 24) . This paper aims to: 1) assess the predictive value of a number of individual features that are used in the STOP-BANG questionnaire; 2) evaluate the performance of the predictive value of the combined features. In particular, we are interested in understanding the statistical improvement that is reached by combining multiple features over a single one by using a more elaborated machine learning approach than simple thresholding over a number of yes/no answer. We use a database of 856 patients with the classes (no OSA -OSA) being balanced (48.1% -51.9%, see Table 1) which is not the case in most previous studies. The results of our analysis are compared to the ones of other studies (19; 23; 25 Se but low Sp, that neck size was the most predictive individual feature of OSA and that the results improved by fusing all the features available.
Methods

Database
For this study we used a database of 856 patients from the Respiratory Medicine Unit (Churchill Hospital, Oxford, UK). Data were recorded using the Grey Flash home polygraphy recording device (Stowood Scientific Instruments Ltd, Oxford, UK). A clinician analysed each of the recording to produce a diagnostic based on the oxygen desaturation index (ODI), sound recording, movement, heart rate, pulse transit time and respiratory effort. An extended description of the diagnosis process can be found in (26) . A number of demographics were recorded from the patients including: gender, age, neck size, height and weight. More details on the data can be found in (27) and, (28) . Table 1 summarises the statistics on the diagnosis of the patients included in this database. Because the end goal of the screening test is to identify patients with OSA versus non-OSA then only the following two class classification problem was considered: OSA (mild, moderate, severe) versus non-OSA (snorer, normal). In practice, a mild OSA patient may not be systematically treated. However, the role of a screening test is to identify patients at risk and although mild OSA individuals may not be treated in the first place their identification is important given that OSA can further develop and so that these individuals may make some lifestyle changes such as sleeping on the side or a diet.
Features
The demographic features that were available and used in this study are: body mass index (BMI), weight, height, age, neck size and gender. BMI, age, neck size and gender are four of the eight features used in the STOP-BANG questionnaire. Figure 1 shows the distribution obtained for each feature for the 856 patients of the database which gives some insights into what features are likely to be the most useful in classifying the population of patients. In order to train the classifier, the missing data were replaced by the average value of the corresponding missing feature across all the training set individuals when considering multiple features. When building the model with only a single feature, the patients for which this feature was missing were excluded.
Statistics
The statistics computed in this study are sensitivity (Se), specificity (Sp), positive predictive value (P P V ) and negative predictive value (NP V ). In the context of the study these are defined as: Se, the percentage of individuals with OSA that have been correctly identified as OSA out of the whole OSA population; Sp, the percentage of individuals without OSA that have been identified as such out of the whole non-OSA population; P P V , the percentage of people identified as OSA and that actually are OSA; NP V , percentage of people flagged as non-OSA that are actually non-OSA.
Machine learning
The purpose of the sleep questionnaires is to screen for individuals with OSA. It must identify the highest number of individuals with OSA even to the detriment of having a higher proportion of false positive (in other words we seek a high Se). However, too many false positive (i.e. characterised by a low Sp) will overload sleep clinics with non-OSA individuals which is time consuming and costly. Typically OSA sleep questionnaires are evaluated using heuristics or simple thresholding over a number of scored answers. In this work, we use logistic regression to build our machine learning model. The model was built for each individual feature and for the combination of a subset or all the features. Data were divided into 80% for the training set and 20% for the test set. 3-fold cross validation (200 runs) with stratification was performed for each model on the training set. The receiver operating characteristic curve (ROC) was produced by averaging the statistics obtained on the validation sets of the cross validation while varying the decision threshold. The area under the ROC curve (AUC) was also computed for each individual features and the combined features. A threshold was chosen so that a Se of about 85% was obtained on the ROC curve. Given the chosen threshold, the performance of the classifier was evaluated on the test set.
Results
When combining the neck size, BMI, age and gender features (denoted 'All' in Table 2 ) an AUC of 0.717 was obtained (Table 2) . Adding height and weight to the model did not increase the classifier performance. The best single-feature-AUC was obtained for neck-size (0.690). When choosing the threshold on the validation set so that a Table 2 : Area under curve (AUC) for individual and combined features with the standard deviation (STD) of the AUC obtained over the 200 runs. Since height and weight are already 'contained' in the BMI feature then these were excluded from the model denoted 'All'.
Se of about 85% was obtained, the results on the test set for all features were: Se=83.3%, Sp=45.8%, P P V =62.5% and NP V =71.7%. The results on the test set are summarised in the Table 3 . The ROC curves obtained on the validation sets are plotted in Figure 2 .
Discussion and conclusion
The results showed a rather high Se but a low Sp (Table 3) for the threshold selected on the training set. These results are in agreement with the statistics reported by previous studies assessing the performance of sleep questionnaires (19; 23; 25) . A low specificity means that a number of individuals without OSA are predicted as having OSA which can result in a high number of unnecessary referral to the sleep clinic for PSG testing or a an increased number of perioperative PSG test for surgical patients (24) . The larger variation in the statistics across studies (Table 3) can be attributed to the imbalance of the classes (see right hand side of Table 3 ) that was present in the other studies or to the additional features available in the STOP-BANG than in this study. For example, the higher proportion of OSA individuals in (19; 23) combined with the tendency of the STOP-BANG to over predict OSA, likely leaded to a higher PPV in their studies (81.0% and 93.4% respectively) than in the present study (PPV=62.5%) and in the study from Cruces et al. (25) (PPV=66.5%) . These variations in the statistics and their association with the imbalance of the classes highlights the challenges in interpreting and concluding on statistical analysis conducted on unbalanced classes. In addition, it was found that the prevalence of OSA in men was higher than in women and that the prevalence was increasing with age (see Figure 1 ) similar as in Chung et al. (19) .
The first main limitation is that this study utilises a database of patients from a hospital based respiratory unit, that is from a preselected population whereas a good screening questionnaire should be intended to be used as a scoring tool for the general population. Thus assessment on a database of an unselected population is necessary for Se (%) Sp (%) PPV (%) NPV (%) non-OSA (%) OSA (%) Chung et al. (19) Table 3 : Summary of the results on the test set for a threshold giving a sensitivity of about 85% on the validation set (i.e. chosen on the ROC curve of Figure 2 ). Results are compared with already published studies (19; 23; 25) . Statistics are reported for the test set. Number of study subjects indicated in parenthesis are the one used in the test set. a The threshold chosen for diagnosing of OSA was set at an AHI ≥ 5 that is OSA versus non-OSA (two classes). The statistics on the right-hand side ('non-OSA' and 'OSA') indicates the repartition of the individuals in the two classes. All features refers to the model including: neck-size, BMI, age and gender.
a straightforward comparison.
The second main limitation of this study was the unavailability of the answers of some of the STOP-BANG questions (Snoring/Tired/Observed/Pressure). Ideally, the same rigorous statistical analysis should be conducted with the missing STOP-BANG features taken into account to assess whether the additional features add to the predictive value obtained in this study.
However, the results obtained using our machine learning framework already obtained comparable results with other studies (Table 3 ). This highlights that combining features using a machine learning framework may improve the STOP-BANG questionnaire prediction. Alternatively, it may indicate that there are redundant or uninformative questions in the STOP-BANG questionnaire. 
